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Abstract— Even without visual feedback, humans can accu-
rately determine the shape of objects on the basis of haptic
feedback. This feat is achievable despite large variability in
sensory and motor uncertainty in estimation of hand pose
and object location. In contrast, most neuroprosthetic hands
still operate unaware of the shape of the object they are
manipulating and can thus only provide limited intelligence
for natural control of the hand. We present a computational
model for haptic exploration and shape reconstruction derived
from mobile robotics: simultaneous localisation and mapping
(SLAM). This approach solely relies on the knowledge of
object contacts on the end-points, noisy sensory readings and
motor control signals. We present a proof-of-principle accurate
reconstruction of object shape (e.g. Rubik’s cube) from single–
finger exploration and propose a straightforward extension to
a full hand model with realistic mechanical properties. The
proposed framework allows for principled study of natural
human haptic exploration and context-aware prosthetics. In
conjunction with tactile–enabled prostheses, this could allow for
online object recognition and pose adaptation for more natural
prosthetic control.
I. INTRODUCTION
A hallmark of human cognition is the ability to rapidly
and accurately assign meaning to sensory stimuli. Enabled
by the remarkable dexterity of our hands, three-dimensional
objects can be effortlessly detected and categorised from
among thousands of possibilities even in the absence of
visual feedback and despite the tremendous sensory variation
that each object produces every time we touch it. The ease
of our haptic object recognition abilities relies mainly on the
computational magnitude of this feat.
Humans are well able to recognize objects through tactile
perception and compare them with representations of various
object categories stored in memory. They do so through the
use of exploratory procedures, such as moving the fingers
over the surface of the object or holding the entire object
in the hand. Such active touch perception, also known as
haptic perception is crucial for the planning, direction and
execution of everyday actions [1], [2].
Here, we present a physics model of a humanoid hand,
with 21 degrees of freedom and draw parallels between the
problem of simultaneous localisation and mapping (SLAM)
in robotics [3], [4] and mapping objects shape through haptic
object exploration in humans. Maps are essential for mobile
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robots navigation in complex and dynamic environments.
To navigate in unknown environments, an autonomous robot
requires the ability to build its own map while simultaneously
maintaining an estimate of its own position. This process is
very similar to how humans use haptics to determine the pose
and shape of objects and build the representations in an incre-
mental fashion. Understanding how humans learn the shape
of objects haptically helps informing and complementing the
information coming from other modalities specifically vision
for making naturalistic prosthetics [5], [6].
With the increase in availability of tactile sensors for
robotic hands [7], more and more research is being invested
into haptic object exploration. Several studies have focused
on the use of machine learning approaches such as neural
networks [8], [9] and Bayesian techniques [10], [11], [12]
to identify objects in haptic space. Studies involving tactile
exploration by robotic systems are, however, intrinsically
limited by the physical design considerations of the device.
Our work overcomes these limitations by simulating a bio-
logically realistic hand which can be used as a platform for
direct comparison of computational algorithms for haptic ex-
ploration and human strategies for the same task. These can
be immediately compared by investigating humans exploring
3D models of the objects presented to our hand model while
wearing sensorised data gloves recording the movement of
their digits.
II. COMPUTATIONAL MODEL OF THE HAND
We have designed a realistic model of a humanoid hand,
with 21 degrees of freedom. We simulate the movement of
the hand and interaction with the environment in MuJoCo,
a recently developed physics engine [13]. The engine was
specifically developed with robotics applications in mind
and provides inverse dynamics as well as contact points
with other objects in the environment. We designed our
biologically inspired model with two main applications in
mind: (1) simulation of the haptic SLAM algorithm and (2)
comparison of computational models for tactile exploration
with human strategies.
We designed our hand’s dimensions based on the average
dimensions of bone lengths as measured in a study of 66
adults of Buryanov et al. [14]. As in the human hand, each
finger is divided in three parts at the joints. The index, middle
finger, ring finger and little finger are modelled as having four
degrees of freedom (DoF): both flexion/extension and ad-
duction/abduction for the metacarpophalangeal joint (MCP)
and only flexion/extension for the proximal interphalangeal
(PIP) and distal interphalangeal (DIP) joints. The thumb is
Fig. 1. (A) Sensory uncertainty in hand configuration (pose) and un-
known shape of an object can be simultaneously reduced through recursive
Bayesian estimation (Simultaneous localisation and mapping, SLAM), as
it believed to occur in sensori–motor integration via the cerebellum. (B)
Biomechanical simulation of tactile exploration of a cube using single finger.
(C) Probabilistic graphical model for recursive inference of hand and object
pose using a particle filter, where xt is the unknown hand pose, kt is the
particle, ut is the observable motor control command, zt is the observable
tactile sensory feedback.
modelled with 5 DoF: flexion/extension, adduction/abduction
and rotation of the carpometacarpal joint (CMC) and only
flexion/extension for both the MCP and interphalangeal (IJ)
joints.
III. HAPTIC SLAM
In order to build the haptic SLAM model for the full hand
we are first aiming to solve the SLAM problem for a single
finger using which we can later expand our model and fuse
the information from all the fingers.
Known finger pose
We first focus on the problem of mapping and assume
that the pose of the finger and hence its trajectory within the
object space is known. This simplifies the problem consid-
erably since, error in finger trajectory estimation correlates
with the errors in the object’s representation, hence both
the state of the finger and the object must be estimated
simultaneously. To represent the object, the map of the
environment is built using the occupancy grid method [15].
Using this method, the high dimensional mapping problem
is decomposed into many binary estimation problems which
are then solved independently of each other. Occupancy
Grid Maps represent the environment as a grid of equally
spaced cells, and store occupancy information for each cell.
Notation: m = {m1,m2, . . . ,mN} represents the whole map,
where each mn represents a grid cell. The representation for
each cell can be binary, with 1 representing occupancy and
0 representing an empty cell which is the most memory effi-
cient representation of the cell. However, for recursive 2 state
estimation purposes, storing more information concerning
the probability of occupation of the cell is required. In this
model we use a log-odds representation of the probability
that each grid cell is occupied. Given the sensory input
zt , at each time step, t, the occupancy of each grid cell,
lt is updated: lt = lt−1 + log
p(occ|zt )
1−p(occ|zt ) − l0, where lt is the
current log-odds representation stored in the cell and l0
represents the prior belief regarding the occupancy of that
cell and in our case since the p(occ) = p( f ree) = 0.5, then
l0 is zero. The state including the robot’s pose at time t
and map of the object is represented by the state variable
xt = {poset ,m}. Measurements of the finger’s motion, i.e.
actuation of the finger’s joints, at time t, is represented by
the control variable ut . The feedback from contacts of the
finger with the environment at time t is represented by the
measurement variable zt .
The objective of the mapping algorithm is then to compute
approximate posterior estimates for individual cells within
the grid: p(m|z1:t ,u1:t) =∏i p(mi|z1:t ,u1:t). The state of the
map is iteratively estimated at each simulation step in which
the true pose of the finger is queried from MuJoCo and the
contact points of the finger with the object are retrieved. This
is followed by calculating the configuration of each joint of
the finger at the current time. If there is indeed a contact, the
current grid cell is updated with log 0.90.1 , otherwise the update
will be log 0.10.9 . The actual belief map can be recovered at any
time for each cell through belt(occ) = 1− log 11+exp{lt} .
The advantage of using occupancy grid maps is that it
is not necessary to extract geometrical features from the
raw sensor data, nor to make hypotheses on the geometry
of the surrounding environment, which make the algorithms
more realistic and suited for our future experiments with
human subjects. However, the memory requirement and the
computation effort needed scales with the number of cells
representing the environment [16]. We have tested our haptic
SLAM model through a biomechanical simulation of a finger
while haptically exploring a simple cube, shown in figure
1.B. The inferred object map from the tactile contacts of the
finger with the surface of the cube is shown in figure 2.C1
after 10 seconds and figure 2.D1 after 100 seconds. As the
true pose of the finger is known in this case, the inferred
map closely matches the ground-truth object shape, shown
in Figure 2.A2. The root mean squared error (RMSE) after
10 seconds is 0.35 which decreases to 0.20 after 100 seconds
of simulation time.
Unknown finger pose
No single sensory signal can provide reliable information
regarding the three-dimensional structure of the environment.
Proprioception provides the central nervous system (CNS)
with information regarding the spatial location of body parts
in the form of signals encoding joint angles. For instance, to
Fig. 2. (A1) Haptic manipulation of a cube. (A2) Object shape (ground-truth) in object centered coordinate system. (B) Our proposed model for Haptic
object exploration and shape reconstruction. (C) Inferred object surface coordinates from single-finger tactile contact exploration after 10 s for (C1) noise
free proprioception sensors and (C2) noisy proprioception. (D) Inferred object surface after 100 s.
localize a finger with respect to the body, the angles of all
joints between that finger and the body needs to be known
to the CNS which then will be combined with the known
segment lengths to find out the position of the finger [17].
Due to noise in neural signal at each stage of this process
[18], the object position estimate is highly uncertain in the
absence of vision, see figure 1.A. In order to account for this
uncertainty, we include a noise term in our model associated
with the finger pose at each time step. Inspired by literature
in propriception, we have added a Gaussian noise term with
the mean being the true position of each joint and variance
of 1.5 ◦.
With the pose of the finger being unknown, at each time
step both the map and the position of the finger joints needs
to be estimated. This increases the complexity of the problem
significantly due to the strong correlation between the locali-
sation and the mapping tasks: while the finger pose needs to
be estimated with respect to the object map; the map itself
is built with respect to the estimated finger pose. In order
to represent the map of the object with the unknown finger
pose, we have adopted the FastSLAM algorithm combined
with the Occupancy Grid Mapping using Rao-Blackwellized
particle filters [19], [20]. Within the model, the uncertainty in
the finger pose is represented with a set of weighted samples,
where each sample is a hypothesis of the finger trajectory
and has its own occupancy grid map attached. This enables
the SLAM problem to be decomposed into separate problem
of finger localisation and the problem of cell occupancy
estimation for the N cells within the map. Each particle
includes both the finger’s state and an occupancy grid map.
The map for each particle is updated according to the occu-
pancy grid mapping algorithm outlined earlier, with the joint
configuration of the finger fixed at the configuration of the
particle. This separation allows the occupancy grid algorithm
to work with a guaranteed joint measurements, while still
allowing for uncertainty in the finger’s pose. By looking at
the highest probability pose we determine the current best
guess of the finger’s pose relevant to the environment’s map.
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where K is the number of particles used. At each time
step, t, each particle is given a weight depending on how
well its estimate of the state agrees with the measurements
w[k]t = p(zt |pose[k]t ,m[k]t−1). Within each iteration the set of all
particles are re-sampled and replaced by randomly drawing
new particles from previous distribution based on calculated
weights creating a new distribution. Particles whose predic-
tions match the measurements are given a high weight and
thus have a higher chance of being resampled, see Figure
1.C for the probabilistic graphical model .
We have tested the haptic FastSLAM model with the
same biomechanical simulation of the finger while haptically
exploring the simple cube depicted in figure 1.B. The inferred
object map from the tactile contacts of the finger with the
surface of the cube is shown in figure 2.C2 after 10 seconds
and figure 2.D2 after 100 seconds. In this case the true pose
of the finger is not known, hence the inferred map match with
the ground-truth object shape is less accurate compared to
where we have full knowledge of the finger’s pose, however
it has still correctly captured the shape of the cube.
IV. DISCUSSION
Although SLAM is a powerful method for mapping an
environment (or in our case, an object), it is unclear how
the brain performs this task when faced with the challenge.
We take a step towards closing the gap between brain and
machine by building a realistic model of the hand which
we augment with our haptic SLAM algorithm for object
exploration. By recording human subjects performing an
object exploration task and playing it back to our model,
it would thus be possible to accurately determine the perfor-
mance of humans relative to the current state of the art in
artificial intelligence and potentially discover new methods
for improving existing algorithms.
We propose two ways for further refining our proposed
method and making it useful for psychophysical and pros-
thetic applications: (1) by combining haptic SLAM with
knowledge of human tactile exploration it may be possible to
improve the estimate by using an adaptation of active SLAM
[21]. This approach enables the exploration of only the most
informative regions of the object’s surface, and thus leads to
minimal wastage of tactile data. (2) Implementation of hand
and arm movement, as well as object manipulation capabil-
ities in our model would allow to explore the object from
multiple perspectives, taking into account contour following
and loop-closure [22].
In addition to furthering our understanding about human
tactile exploration, our method has direct implications for the
design and control of context–aware prosthetic devices. By
automatically determining the shape of the object handled by
the user, it should be possible to dynamically adapt the grip
type to provide a more naturalistic and practical experience
without increasing the control effort. In particular, a model
of human haptic exploration would fit in well with feedback-
enabled upper limb prostheses providing a tactile signal in
line with the user’s expectations and experience.
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